Despite the high capability of the PLS regression method obtaining a desirable model, abstracted principal components contain comprehensive effects of all aspects, resulting in increasing complexity in the model construction procedure due 2017 © The Japan Society for Analytical Chemistry † To whom correspondence should be addressed. The emerging membrane introduction mass spectrometry technique has been successfully used to detect benzene, toluene, ethyl benzene and xylene (BTEX), while overlapped spectra have unfortunately hindered its further application to the analysis of mixtures. Multivariate calibration, an efficient method to analyze mixtures, has been widely applied. In this paper, we compared univariate and multivariate analyses for quantification of the individual components of mixture samples. The results showed that the univariate analysis creates poor models with regression coefficients of 0.912, 0.867, 0.440 and 0.351 for BTEX, respectively. For multivariate analysis, a comparison to the partial-least squares (PLS) model shows that the orthogonal partial-least squares (OPLS) regression exhibits an optimal performance with regression coefficients of 0.995, 0.999, 0.980 and 0.976, favorable calibration parameters (RMSEC and RMSECV) and a favorable validation parameter (RMSEP). Furthermore, the OPLS exhibits a good recovery of 73.86 -122.20% and relative standard deviation (RSD) of the repeatability of 1.14 -4.87%. Thus, MIMS coupled with the OPLS regression provides an optimal approach for a quantitative BTEX mixture analysis in monitoring and predicting water pollution.
Introduction
Membrane introduction mass spectrometry (MIMS) is known as an analytic method for the separation of analytes, usually volatile organic compounds (VOCs) and semi-volatile organic compounds (SVOCs), 1 from a sample matrix that includes water, 2,3 air, 2 and solids. 4 Due to its preconcentration, universality, few or no requirements for pretreatments and solvents as well as its rapid analysis speed and low detection level, MIMS has been widely accepted and used in applications, such as monitoring of reactors, 5 industrial processes 6 and fundamental studies. 7 Importantly, considering these advantages, not only has this method been highly recommended for in situ and online monitoring, 8 but it could be miniaturized and adapted for portable applications, enabling its use in field monitoring and emergency detection. [9] [10] [11] [12] In a typical MIMS configuration, it is common to impose a 70 eV ionization energy with electron impact (EI), likely resulting in molecular ions and a large number of fragment ions. The molecular ions are responsible for the quantitative determination, while the fragment ions provide structural information. 13 However, an interference phenomenon may exist due to the presence of such a large number of fragment ions in the form of overlapping mass spectrum, especially in the analysis of mixtures. For example, Potyrailo et al. 14 used MIMS to measure the selectivity (i.e., the fraction of lost analytic signal due to interference) of benzene, toluene, ethyl benzene and xylene (BTEX), and the results (88.3, 47.5, 14.1 and 15.7%, respectively) indicated that there is a small spectral overlap for benzene, a moderate overlap for toluene and a strong overlap for ethyl benzene and xylene. These overlaps, or interferences, may hinder the application of MIMS to the analysis of mixtures or environmental samples. Chemometric methods, particularly multivariate calibration, may play a significant role in solving this problem, 15 which has been also utilized in a multivariate study of the MIMS. 16 A partial-least squares (PLS) regression is a multivariate calibration method. It is a combination of principal component analysis (PCA) and multiple linear regression (MLR). 17 ,18 PLS regression can overcome multiple correlations of independent variables or dependent variables to enhance the robustness of a model. 19 Due to its advantageous strengths, PLS regression is currently considered the most powerful multivariate analysis technique, 20 and is used widely in many fields, including economics and the social and natural sciences, especially spectroscopy, 21 chromatography, 22 and mass spectrometry 23 analyses.
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Min LI,* , ** Lu ZHANG,* † Xiaolong YAO,* , ** and Xingyu JIANG* , ** to the increasing amount of unrelated information. 24 In real environmental samples, a variety of chemical components are present, some of which may influence the performance of the membrane, thereby interfering with the monitoring signal. For example, a high concentration of hydrophobic compounds can induce the swelling of the membrane, and a high salt concentration is likely to cause signal deviation. 25 To avoid the interferences from unrelated information, such as background noise, baseline shift and signal distortion, a derivative of PLS regression, termed orthogonal partial least squares (OPLS), was proposed by Trygg and Wold, 26 improving the calibration model interpretation, 27 robustness and predictive ability. 24 The advantages of the OPLS regression are reflected by the exclusion of uncorrelated variation from the Y-block and the maximum retention of the related effective information. 24 BTEX have been identified as a class of major contaminants in industrial wastewater and groundwater, 28 necessitating the quantitative and qualitative analysis of BTEX, especially for high frequency online usage. Consequently, in this paper, we aim to formulate a quick quantitative analysis method using the MIMS mass spectrum based on an OPLS regression model, compare this method to the traditional univariate calibration and PLS regression, and subsequently assess the generalization of the obtained optimal calibration model through the substitution of prediction sets. Quality assurance and quality control (QA & QC) are also performed by the recovery assessment of a series of standard and field samples with BTEX additions. It should be noted that this work presents the advanced use of a combination of MIMS and OPLS for the analysis mixtures, which will greatly benefit the construction of an early-warning mechanism of water pollution through online monitoring and the emergent detection of an environmental contamination accident through in situ detection.
Experimental

Reagents and chemicals
The stock solutions at 10 ppm are prepared with pure solutions of each analyte by diluting the reagent grade solvents in deionized water and stored at 4 C. Each concentration for the experiment is dispensed from the diluted stock solutions. The sample dataset is shown below (Table 1) , with samples 1 to 24 acting as the training dataset for the model, and samples P1, P2 and P3 are used as standards for the external validation. According to the American Society for Testing and Materials (ASTM) guidelines, accurate model building preferably includes at least 24 samples for the spectra analysis. 29 To get insight of the reliability and applicability in a real water matrix, three test samples (YR1, YR2 and YR3) were prepared with water from the Yangtze River (0.035 -0.067 ppb), while the other three samples (PF1, PF2 and PF3) were made from waste water of a petrochemical factory in Nanjing (0.51 -85.20 ppb). All additions maintained the final samples at the measureable range of the method. Each sample was poured into a 10-mL open glass tube for 5 -6 min of testing.
Apparatus
The assembled MIMS device incorporated a Pfeiffer Vacuum compact quadruple mass spectrometer (QMG 220 M1, PrismaPlus) and vacuum equipment (HiPace 300 Turbo Pumps) from Bay Instruments, Easton, MD, USA, with a flow-through capillary membrane inlet. The internal detection system of the instrument is coupled with electron ionization (70 eV), a Faraday cup and a secondary electron multiplier (SEM). We chose polydimethylsiloxane (PDMS) as the membrane material with a thickness of 250 μm to separate BTEX from water working at 25 C in this study. Water samples were pumped through the stainless steel with a peristaltic pump (Longer, China) at an inlet speed of 1.5 mL/min.
Chemometric data analysis
The quadruple analyzer is scanned from m/z 50 to 120 at a rate of 200 ms/amu. The output of the mass spectra from 10 and 20 circles of each mixture is used for the data analysis and modeling calibration. Univariate calibration acts as a comparison group for the mixture analysis. Univariate calibration is based on selecting unique m/z in the selected ions mode (SIM) and then performing a least squares regression of the detector response vs. the known concentration. Selected predictors for benzene, toluene, ethyl benzene and xylene are 78, 92, 65 and 106 m/z, respectively, which were also used by Susan et al. 15 PLS regression is a process that abstracts the main components from the X-block and Y-block simultaneously and then creates a multivariate linear model. 30 OPLS systematically separates the X-block into the following two parts: the first is related to the Y-block, while the second is orthogonal to the Y-block. 26 The multiple linear regression analysis for the univariate calibration is accomplished using SPSS 20.0 with a Pearson test, while PLS and OPLS regressions are performed directly using SIMCA-P 13.0, Umetrics. 1  300  650  150  220  2  190  170  200  190  3  180  110  200  185  4  250  460  170  210  5  180  130  200  190  6  170  75  200  185  7  180  120  200  190  8  240  400  170  210  9  220  320  180  200  10  180  150  200  185  11  190  185  195  190  12  230  320  180  200  13  180  155  200  190  14  155  30  210  180  15  155  20  210  180  16  220  320  180  200  17  250  440  170  210  18  160  65  200  185  19  200  220  190  195  20  200  220  190  190  21  155  10  210  180  22  170  95  200  185  23  155  25  210  180  24  150  15  210  180  P1  180  130  200  185  P2  165  60  200  185  P3  150  25  205  180  YR1  200  50  180  220  YR2  180  70  190  210  YR3  190  210  170  200  PF1  150  60  160  190  PF2  260  500  210  180  PF3 250 620 180 220
Results and Discussion
Univariate calibration modeling
The univariate linear regression model of benzene shows a significant linear relationship with a regression coefficient of 0.912 (p < 0.01) (Fig. 1a) . Additionally, a linear relationship exists between the toluene concentration and its signal intensity, even though the linearship (R 2 = 0.867, p <0.01) is not as good as that for benzene (Fig. 1b) . However, the calibration model only has 44.0 and 35.1% interpretability for ethyl benzene and xylene, respectively (Figs. 1c and 1d) . Presumably, there is some interference between these components. According to the standard spectra of BTEX obtained from NIST chemistry webBook, 31 this interference may arise from the small intensities of m/z 78 for benzene and the moderate intensities of m/z 92 generated by the other components. In addition, taking a similar spectrum of ethyl benzene and xylene into account, a simple univariate analysis may fail to distinguish the individual signal response for each of them.
PLS regression fitting
For the fitting, there are two components contributing to the model, resulting in R 2 Y and Q 2 Y of 0.987 and 0.98, respectively (Table 2) . R 2 Y represents how well the model fits the data, while Q 2 Y indicates the predictive ability of this model. 23 Generally, the root-mean square error (RMSE) is used to evaluate the outcomes of the modeling, which is calculated using Eqs. (1) and (2),
where PRESS denotes the predicted residual error sum of squares, n is the number of predictors, ci * is the predicted dependent variable (i.e., predicted concentration of BTEX) and ci is the known dependent variable (i.e., actual concentration). The calculated root-mean-square errors of the calibration (RMSEC) and cross-validation (RMSECV) evaluated according to these equations are listed in Table 2 . Generally, a satisfactory Fig. 2) , which are obviously much better than those obtained from the univariate regression model. (Fig. 3) and a decrease ranging from 48.6 to 81.7% in the RMSEC and from 44.1 to 65.4% in the RMSECV values (Table 2 ). In addition, the F and p values reflect the reliability in the crossvalidation analysis of variance, considered as a diagnostic method to provide general information for the assessment of a model, 32 showing a better confidence coefficient in the OPLS model except xylene. Generally, not only a better model-fitting level (i.e. the regression coefficients) but also the obtained improvements of several common parameters can favor the achieved performance in a better way. In OPLS, continuous variable data is divided into predictive and orthogonal information and the Y-orthogonal variation in X is exempted from the calibration sample, and this model can apply well in any situation in which the Y-variable may be related to X in an additive manner, 33 thus, the OPLS model might also do a good job under the condition of a real-world sample containing some structured noise (Y-variable), while in PLS, the noise likely complicates this model particularly when many components are present in the model. 33 On the other hand, there seems to be an underfitting of data in the PLS due to the greater volume of generated principal components. Comprehensively, the OPLS regression results indicate that it outperforms the PLS model in the calibration modeling process.
OPLS regression fitting
External validation
To validate the reliability and applicability of the obtained calibration models, the prediction dataset, namely P1, P2 and P3, is commonly used to conduct the external validation procedure. The indicator for this procedure is the root-meansquare error of prediction (RMSEP). A small value of RMSEP value indicates a high predictive ability. 24 As shown by the data in Table 2 , OPLS shows a relatively lower RMSEP, demonstrating a robust predictive ability. Despite the relatively poor performance of the ethyl benzene and xylene calibration model caused by the obscured contribution of similar spectra, the use of OPLS is still advantageous in the quantification of ethyl benzene and xylene. An unambiguously linear relationship exists in these three test samples, with the PLS and OPLS regression coefficients both equal to 0.997 (p <0.01) (Fig. 4) . However, the fitting lines for both PLS and OPLS diverge obviously from the expected line with a slope of 1, demonstrating the presence of a large deviation at lower concentrations. It seems that both methods have poor predictability in lowconcentration BTEX analysis. This assumption is consistent with the estimated recoveries. Taking the results of the OPLS in Table 3 1, 0.7 and 10 ppm, respectively. Furthermore, the relative standard deviation of the repeatability of this method is calculated as 1.14 -4.87%.
Therefore, based on the multivariate method, it can provide important information in a timely manner such as for the highconcentration leakage of BTEX from a factory or a shipwreck. In other words, it facilitates the development of an online MIMS monitoring system or an in situ MIMS emergent detecting system. As for the limitation present at low concentrations, this might be minimized by taking the diffussion time of analytes into account when establishing a model, while the complexity resulting from the ongoing increase in the number of analytes might be minimized by expanding the dataset of a model as well as decreasing the unimportant variables through optimizing working conditions such as ionization energy.
Conclusions
In the present study, multivariate calibration is demonstrated to be obviously superior to the comparatively poor results from the univariate analysis with the obtained regression coefficients of 0.912, 0.867, 0.440 and 0.351 for benzene, toluene, ethyl benzene and xylene, respectively (Fig. 1) . Further exploration of the multivariate calibration methods, PLS regression and its extension, the OPLS regression, are applied to membrane introduction mass spectrometry for a mixture analysis (BTEX in this case). Both techniques could overcome the interferences between variables and then show good behaviors with all regression coefficient values above 0.900 (Figs. 2 and 3) . In our analysis, compared to the PLS regression model, the OPLS model reduces the dimensions of the model, leading to an easier interpretation and more optimal performance parameters. Therefore, MIMS in conjunction with the OPLS regression analysis, which is considered an optimization of the PLS-MIMS, provides a viable, robust and improved approach for the on-line analysis of mixtures, working as the "informer" of unexpected environmental pollution to facilitate researchers in their effors to determine the next treatment. 
